Abstract. Understanding the spatial variability of key parameters of flood probability distributions represents a strategy to provide insights on hydrologic similarity and building probabilistic models able to reduce the uncertainty in flood prediction in ungauged basins. In this work, we exploited the theoretically derived distribution of floods model TCIF (Two Component Iacobellis and Fiorentino model; Gioia et al., 2008) , based on two different threshold mechanisms associated to ordinary and extraordinary events. The model is based on the hypotheses that ordinary floods are generally due to rainfall events exceeding a constant infiltration rate in a small source area, while the so-called outlier events responsible for the high skewness of flood distributions are triggered when severe rainfalls exceed a storage threshold over a large portion of the basin. Within this scheme, a sensitivity analysis was performed with respect to climatic and geomorphologic parameters in order to analyze the effects on the skewness coefficient and provide insights in catchment classification and process conceptualization. The analysis was conducted to investigate the influence on flood distribution of physical factors such as rainfall intensity, basin area, and particular focus on soil behavior.
Introduction
The understanding of processes control on the shape of the flood frequency distribution is essential to extrapolate reliable at-site predictions to large return periods and to define meaningful similarity indicators between catchments for flood frequency estimation in ungauged catchments (Merz and Bloschl, 2009 ). These physical interconnections may be explored using an upward approach (or model based), where a stochastic rainfall model is coupled with a runoff model using derived distributions (Eagelson, 1972; Raines and Valdes, 1993; Gottschalk and Weingartner, 1998; Fiorentino and Iacobellis, 2001; De Michele and Salvadori, 2002; Franchini et al., 2005; Bocchiola and Rosso, 2009) or Monte Carlo simulations (e.g. Beven, 1987; Loukas, 2002; Blazkova and Beven, 2002; Fiorentino et al., 2007) .
The literature proposes several schemes and procedures for the theoretical derivation of flood probability distributions. Most of the derived distributions developed so far are based on a single runoff generation scheme, but this may represent a limitation in the description of runoff production. Moreover, it is not always clear how well a single component describes the complex dynamics of flood formation within the river basin. In this context, the presence of different runoff generation processes, such as the saturation excess and the infiltration excess, under different climatic conditions and the dynamics which control the transition between the two schemes, may provide interesting insights useful to find similarities and differences among river basins and among their processes for classification and regionalization. Sivapalan et al. (1990) accounted for the effect of different mechanisms of runoff generation (infiltration excess and saturation excess), while Iacobellis and Fiorentino (2000) introduced the partial contributing area as a random variable and considered only one runoff threshold associated to infiltration excess in arid basins or to saturation excess in humid basins.
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A. Gioia et al.: Influence of infiltration and soil storage capacity (e.g. McGrath et al., 2007) . Kusumastuti et al. (2007) focused on catchment storage and derived the flood frequency distributions by Monte Carlo simulations, using a non-linear conceptual rainfall-runoff model. Struthers and Sivapalan (2007) illustrate the impact of heterogeneity associated with threshold nonlinearities in the storage-discharge relationship associated with the rainfall-runoff process upon flood frequency behaviour. They introduced two storage thresholds, namely a field capacity storage and a catchment storage capacity, that identify two different flood frequency "regions". The return period associated with the transition between these regions is directly related to the frequency of threshold exceedance.
Following this line of investigation, this paper describes the effects of different runoff production mechanisms on the generation of ordinary and extraordinary flood events, exploiting the TCIF flood frequency distribution (Gioia et al., 2008) . The study analyses the effects of climatic and geomorphologic parameters, with particular focus on soil behaviour, on statistical flood moments and in particular on the skewness coefficient.
Some interesting results in this direction were already obtained by Iacobellis et al. (2002) exploiting the theoretical model proposed by Iacobellis and Fiorentino (2000) . In particular, they explored the spatial variability of the coefficient of variation of annual maximum floods. They derived a theoretical dependence between the coefficient of variation (C v ) and the abstraction characteristics at the basin scale, the basin area and rainfall parameters. Their findings highlighted that C v follows scaling relationships with basin area, with distinct behavior dependent on the dominant runoff mechanism. In particular, C v decreases with area when the infiltration excess mechanism dominates, while C v increases with area in humid and vegetated basins where saturation excess runoff takes place.
On the other hand, the skewness coefficient (C s ) can vary vastly in catchments, which apparently exhibit similar flood behaviour (Matalas et al., 1975) . This may be due to the interaction of temporal varying observation periods and climate fluctuations, single extreme events and observation errors (Merz and Bloschl, 2009 ). According to McCuen and Smith (2008) , the flood skew estimation involves rainfall skew and watershed and channel storage. In their scheme, rainfall skew represents an upper bound on the population of runoff skew and flood skew decreases from the rainfall skew for the same location as storage increases.
In any case, the spatial variability of C s plays a crucial role in the hierarchical approach for regional flood frequency analysis (Fiorentino et al., 1987) and is recognized as one of the main factors influencing the estimation of upper quantiles of annual peak flows (e.g. Strupczewski et al., 2011) . Indications on the physical controls on this specific parameter is essential for a reliable evaluation of the upper quantiles and for extrapolating at-site statistics to large return periods.
The paper is structured as follows. Section 2 briefly summarizes the main features of the TCIF model. In Sect. 3 the organization and main focus of the sensitivity analysis are explained. In Sect. 4 results of the sensitivity analysis are shown and commented. Section 5 reports conclusions and perspectives of this research.
Theoretically derived flood frequency distribution (TCIF model)
The TCIF distribution was derived by Gioia et al. (2008) under the hypothesis that in natural basins different mechanisms of runoff generation may coexist, being in turn responsible of the peak flow, depending on the characteristics of the rainfall event and on the antecedent moisture conditions. Thus, two components arise characterized by:
-L-type (frequent) response, occurring when rainfall intensity (i a,τ ) exceeds a lower threshold f a,L , and responsible of ordinary floods likely produced by a relatively small portion of the basin a L ; the L-type (frequent) peak unit runoff is:
-H-type (rare) response, occurring when rainfall intensity exceeds a higher threshold f a,H , and providing extraordinary floods mostly characterized by larger contributing areas a H ; the H-type (rare) peak unit runoff is:
Other assumptions of the TCIF distribution model are that rainfall and infiltration, averaged in space and time, scale with the contributing area with the following relationships:
The rainfall intensity is considered Weibull distributed (with shape parameter k) and the contributing areas a L and a H have a continuous part, Gamma distributed, and a spike of discrete probability for a = A total basin area. These distributions are characterized by a parameter β which depends on the coefficient of variation and is assumed constant. Other parameters are α L = r L A/β and α H = r H A/β which depend on the mean value, once the β value is fixed, being the mean value represented by the dimensionless parameters
Assuming that L-type and H-type events are independent and that both rates of occurrence are Poisson distributed, the overall process of exceedances is also a Poisson process, and the following relationships hold:
L and H are the mean annual number of independent flood events for the L-type and the H-type events.
In compound Poisson processes, if the base process of rainfall intensity follows the exponential distribution, then the annual maximum rainfall intensity is Gumbel distributed. The exponential distribution corresponds to a Weibull distribution with k = 1. Then, in this case, we may write:
with I 1 the rainfall intensity per unit contributing area and ε a scaling coefficient dependent on the slope of the areal rainfall IDF (intensity duration frequency) curves.
The general expression of the cumulative probability distribution of the annual maximum flood peak and its probability density function are reported in . In the particular case of rainfall intensity exponentially distributed, the cumulative probability distribution, CDF Qp (q p ), of the annual maximum flood peak q p = Q + q o , with q o the base flow, and its probability density function become:
are, respectively, the average rainfall intensity with respect to contributing areas a L and a H , ξ is a constant routing factor, g(a L ) and g(a H ) are, respectively, the probability density functions of the L-type and H-type contributing areas.
Methodology and organization of the sensitivity analysis
In Gioia et al. (2008) and Iacobellis et al. (2011) , particular attention was paid to the dynamics of runoff source areas by revealing the scaling behaviour of the runoff thresholds (f A,L and f A,H ). In particular, investigating the different mechanisms of runoff production that coexist in different climates, they found that the scaling behaviour of the Htype (rare events) runoff threshold corresponds to a storage threshold associated to a mechanism of infiltration excess. This kind of response arises when an intense and persistent rainfall of significant areal extension exceeds a water storage capacity over large and more or less vegetated hillslopes. On the other hand, the L-type (frequent events) runoff threshold corresponds to a constant (and low) infiltration rate associated to a saturation excess mechanism. In order to keep trace of the different role of infiltration rate and soil storage capacity and soil storage capacity in the proposed sensitivity analysis, we characterize the two runoff thresholds considering the lower threshold f A,L as associated to the spatial average of a constant soil infiltration rate in saturated conditions, φ,
Then, we consider the soil water storage capacity averaged in space and over the basin lag-time, which scales with basin area as:
the higher runoff threshold can be evaluated as:
When rainfall exceeds the lower threshold, a small source area a L corresponding to the first (L-type) component is activated with mean annual number of exceedances equal to q = H + L (see Eq. 5). The exceedances of the second runoff threshold characterize the activation of a larger source area a H corresponding to the second (H-type) component with mean annual number of exceedances equal to H (see Eq. 4).
In order to provide a general framework for the physical interpretation of results, in Table 1 we consider the range of variability of each threshold parameter (φ and W A ) divided in three classes: low, medium and high. Then, a qualitative evaluation of the occurrences of the two different components is derived from Eqs. (4) and (5). In fact, the occurrence of events of the 1st and 2nd components is related to the probability of rainfall to exceed the corresponding thresholds. For each cell of Table 1 , we indicate in the upper left corner the frequency of the L-type component, corresponding to the probability P (i > φ), and in the bottom right corner the frequency of the H-type component, corresponding to the probability P (i > φ + W A ). Thus, for low values of the constant infiltration rate at saturation φ, the probability of rainfall to exceed the first runoff threshold is high; for increasing φ values, the number of rainfall events that exceeds the first runoff threshold becomes occasional for medium φ and rare for high φ. Then, if the storage capacity W A assumes values belonging to the lower class, the occurrence of exceedances of the second runoff threshold is frequent, occasional and rare, as it is in the range of variation of the constant infiltration rate φ (first column in Table 1 ); for a medium value of φ, the occurrence of the exceedances is occasional, rare, and very rare (second column in Table 1) , and for high φ value it becomes rare, very rare, and extremely rare (third column in Table 1 ).
Following the above arguments, we report in Table 2 the expected behaviour of a basin regime in terms of presence and relevance of the two runoff components. For low values of the soil storage (W A ), the two runoff thresholds are close (see Eqs. 9 and 11); then, it is possible to recognize only one component (L-type) of the theoretical model (first column of Table 2 ). When soil storage increases the second component may become distinguishable; in particular for medium values of the soil storage, the first component may be not relevant to the right tail of the flood frequency curve if the constant infiltration rate φ is low (only the H-type component is present). On the other hand, if φ is high the second runoff threshold assumes very high values; then the second component may become not observable. Even for high values of soil storage, with increasing the values of φ, the frequency of exceedances of the second runoff threshold will be so low that the second component may be not observable and not significant for return periods of technical interest. It happens that only for medium values of both φ and W A , the two components are both relevant to the right tail of the flood frequency curve.
In order to investigate the role that the combination of the two processes may have on the shape of the flood frequency curve, the sensitivity analysis was carried out changing the rate of L-type and H-type events over a broad range that embraces all possible cases identified above. Those values, given only qualitatively in Tables 1 and 2 , are provided in Table 3 in terms of mean annual number of flood events q , equal to the number of rainfall events that exceed the first threshold φ, and the average annual number of flood events H exceeding also the second threshold W A + φ. According to the variability of q observed in Southern Italy (see Iacobellis et al., 2011) , we considered values of 5, 10 and 20 flood events per year as representative of, respectively, low, medium and high frequency. For the occurrence of the second runoff threshold we considered six values obtained by adopting a fixed ratio between the mean annual number of occurrences H and q (1/3, 1/10, 1/20, 1/50, 1/200 and 1/1000).
Under the hypothesis of rainfall intensity exponential distributed, with k = 1, and replacing Eqs. (6) and (11) in Eq. (4) we obtain:
Replacing Eqs. (6) and (9) in Eq. (5), we obtain:
and combining Eqs. (12) and (13), we obtain:
Following Eq. (14) The sensitivity analysis was performed by numerically evaluating the TCIF cumulative distribution function and its probability density function, PDF Qp (q p ), for different sets of parameters p , I 1 , ε, A, r L , r H , H / q and q , and keeping constant the values of the following other parameters:
-the routing factor ξ assumed equal to 0.7, as in Iacobellis and Fiorentino (2000);
-the shape parameter β of the gamma distribution of the contributing areas assumed equal to 4, as in Iacobellis and Fiorentino (2000) ;
-the exponents ε L and ε H of the power law relationship between infiltration losses and contributing area assumed, respectively, equal to 0 and 0.5, as reported in Gioia et al. (2008) . The skewness coefficient of the distribution was evaluated by numerically solving the equation:
In order to provide a structured analysis of the influence of physical factors such as soil infiltration rate at saturation and soil storage capacity on the TCIF distribution and its skewness, the values of H and q were selected on the basis of Table 6 . Mean and standard deviation of skewness for r L = 0.1, r H = 0.6; A ranges from 10 to 500 km 2 and I 1 ranges from 10 to 50 mm h −1 . on a set of river basins in Southern Italy investigated in previous studies (Gioia et al., 2008; Fiorentino et al., 2011; Iacobellis et al., 2011) . In particular, the mean annual number of rainfall events p ranges from 21 to 75 (event/year), the rainfall intensity per unit of contributing area I 1 varies from 10 to 50 mm h −1 , the basin area A ranges from 10 to 500 km 2 ; the rainfall scaling coefficient ε varies from 0.3 to 0.4; and the ratios of mean contributing area r L and r H range from 0 to 1 with r H >= r L . We first report results for the entire observed variability of r L , r H , basin area A and rainfall intensity I 1 and for the fixed values p = 21 and ε = 0.3. Significant results obtained for different values of p and ε are also discussed, provided that changing these last two parameters does not affect qualitatively the results and their implications on the paper focus, which is the understanding of the role of soil infiltration rate at saturation and soil storage capacity on the presence of two runoff components and on the flood distribution skewness. We did not introduce any change of parameters ξ and β because in all the applications performed on real cases in previous studies they did not show any variability. In the present application, the base flow q o is set to zero, because in the TCIF model, q o is added as a constant factor to the peak flow and hence does not affect the peak flow distribution. Finally, the analysis does not account for changes in the shape parameter k of the rainfall pdf (i.e. of rainfall skewness), which is left to further research.
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Results and discussion
Results of the sensitivity analysis are described in the present section with particular emphasis on the skewness coefficient of the theoretical distributions. Results are reported in the form of growth curve probability plots and summarized in tabular form (see Tables 5-9 ).
According to the index flood method (NERC, 1975) , the growth curve represents, by definition, the cdf of the growth factor whose distribution is independent from the expected value, being obviously E[K x ] = 1. The growth curve depends on the coefficient of variation and on the skewness of the distribution. The TCIF arises as a distribution of annual maximum of a Poisson compound process, just as many other distributions of extreme values (e.g. GEV, TCEV). The coefficient of variation of such distributions mainly depends on the mean annual number of flood events q , and the TCIF distribution does not make an exception as it was confirmed by numerical investigation. Thus, the representation of TCIF growth curves characterized by the same value of q and different values of the other parameters allows the identification of shape changes on the growth curve, with direct reference to the return period of the growth factor. The return period (defined as the inverse of the probability that a given event will be exceeded) is reported on the y-axis in a log scale limiting the range of values to those of technical interest (1-1000 yr). from the lower part of Table 4 , first, third, fourth and sixth columns). We grouped by colour all cdfs with the same value of φ/I A (i.e. with the same q and Coefficient of Variation): in blue φ/I A = 0.049 ( q = 20), in red φ/I A = 0.742 ( q = 10), in black φ/I A = 1.435 ( q = 5). In each subplot, the three groups of cdfs differ in both the scale and the shape factor. As a first important evidence in Figs. 1 and 2 , we observe that the TCIF cdfs obtained using different values of basin area A and rainfall intensity I 1 , and keeping constant the ratios W A /I A and φ/I A , practically collapse into one curve. Thus, in Tables 5-9 , for a set of couples of r L and r H values, (r L = 0.1 and r H = 0.3 in Table 5 , r L = 0.1 and r H = 0.6 in Table 6 , r L = 0.3 and r H = 0.6 in Table 7 , r L = 0.3 and r H = 0.9 in Table 8 , r L = 0.1 and r H = 0.9 in Table 9 Table 9 . Mean and standard deviation of skewness for r L = 0.1, r H = 0.9; A ranges from 10 to 500 km 2 and I 1 ranges from 10 to 50 mm h −1 . of basin area and rainfall intensity. The results show a standard deviation always significantly lower than the average coefficient of skewness. Observing more carefully results reported in Tables 5-9 , one may appreciate the effects of model parameters on skewness coefficient. In Table 5 , for r L = 0.1 and r H = 0.3, the mean coefficient of skewness ranges from 1.608 to a maximum value of 2.452. In Table 6 , for r L = 0.1, r H = 0.6, the mean coefficient of skewness ranges from 1.595 to 3.417. In Table 7 , for r L = 0.3, r H = 0.6 the mean coefficient of skewness ranges from 1.540 to 1.826, which is the minimum peak of skewness observed over all the parameter sets. In Table 8 , for r L = 0.3, r H = 0.9, we observe the minimum coefficient of skewness equal to 1.472 and a peak of skewness of 1.935. In Table 9 , for r L = 0.1, r H = 0.9 we have the minimum coefficient of skewness of 1.400 and a peak of skewness of 3.723, which is also the highest value observed over all the parameter sets. In general, comparing results of Tables 5-9, a strong relationship between skewness and φ can be observed. In fact, the minimum value of the coefficient of skewness is always observed for low values of φ and W A that may be either low or high. On the other hand, a peak of skewness is always observed for medium values of W A and for medium or high values of φ. In other words, the coefficient of skewness shows maximum values for medium-high values of the soil infiltration rate at saturation and medium values of soil storage capacity. It is important to highlight the consistency of these results with contents of Table 2 . In fact, the skewness is high when both components of flood distribution affect the distribution of extreme flood events because they are not too low in order to be relevant and are not too rare in order to be observed. The skewness is low when only one component is relevant because either one of the two thresholds is low or the second threshold is high and exceedances are too rare to be observed. In order to better understand the comparison among the different curves, accounting for both the scale factor and the shape factor effects, in Fig. 3 are reported different growth curves for four couples of r L and r H with a different organization with respect to those reported in Figs. 1 and 2 . In this case, each subplot reports different TCIF cdfs that have a fixed ratio φ/I A and variable values of W A /I A (only curves for the medium value of φ/I A are shown), I 1 and A. Obviously, even in these subplots the cdfs obtained for different values of I 1 and A collapse into one curve, but the colour code is used in order to identify different values of W A /I A . Since φ/I A is fixed, in each of these subplots all curves have the same scale factor. Then the differences shown by the different values of W A /I A are all due to the curve shape factor, i.e. the coefficient of skewness. By comparing the four subplots of Fig. 3 , one could notice that the minimum skewness is provided by a higher value of r L (0.3). On the other hand, the largest scatter is observed with a low value of r L (0.1) and a high r H (0.9).
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The TCIF cdfs obtained for different sets of parameters are also shown in Fig. 4 , providing a complete overview of the effects due to the parameters I 1 , A, W A /I A and φ/I A . The scatter in the scale factor dominates subplots with a higher value of r L (0.3), while in subplots with a lower value of r L (0.1), the higher scatter in the shape factor produces cdfs with different scale factors with a marked overlap. For the same values of p = 21 and ε = 0.3, we report in Table 10 four cases obtained with r L = r H = 0.05, 0.1, 0.3 and 0.9. As shown in Fig. 5 , relative to r L = r H = 0.05, all cdfs with the same value of φ/I A and different values of I 1 , A and also W A /I A collapse into one group of curves, with a practically null scatter. Other values of r L = r H provide analogous behaviour. In this case the mean value and the standard deviation of the coefficients of skewness are evaluated on a set of 60 cdfs obtained, for any value of φ/I A , by combining the ratios W A /I A = 1. 098, 2.302, 2.996, 3.912, 5.298, 6 .908 (as in bottom part of Table 4 ) with the values of basin area A = 10, 50, 100, 200, 500 km 2 and the rainfall intensities I 1 = 10, 50 mm h −1 . Also in this case the standard deviation is always significantly smaller than the average skewness. Results in Table 10 show that the skewness always grows with φ and higher skewness is obtained for lower values of r L = r H . The minimum value of the skewness is 1.235 and is obtained for the highest value of r L = r H = 0.9. This value, which is also the minimum value observed over the entire dataset of simulations, is not far from but significantly higher than the skeweness coefficient of a Gumbel distribution which is equal to 1.13955. Analogous evaluations were performed considering different values of p and ε, parameters that reflect, respectively, the rainfall coefficient of variation ( p ) and the average rainfall scaling with area (ε, see Eq. 6). In particular for p = 75 and ε = 0.3, p = 21 and ε = 0.4, and p = 40 and ε = 0.4: in all cases the results confirm the behaviour displayed for p = 21 and ε = 0.3.
By the analysis of the overall results obtained from the entire dataset of cdfs and related coefficients of skewness, we also found another important evidence: A strong relationship exists between the coefficient of skewness and the parameters r L and r H , independently from the variability of all other parameters. As we report in Table 11 .
Conclusions
The sensitivity analysis performed over parameters of the TCIF distribution provides interesting insights on the control that some physically-based parameters have on the skewness coefficient. The main results are summarized in the following:
1. the dimensionless ratios φ/I A and W A /I A strongly affect the distribution skewness and the growth curve (Figs. 1-5);
2. for a fixed combination of the dimensionless ratios φ/I A and W A /I A , the skewness coefficient is independent from the basin area A (ranging from 10 to 500 km 2 ), and rainfall intensity per unit area I 1 (ranging from 10 to 50 mm h −1 ), in the range of variability investigated in this paper (Tables 5-10 and Figs. 1-5);
3. for a fixed combination of the dimensionless ratios φ/I A and W A /I A , the skewness coefficient is also independent from p ranging from 21 to 75;
4. for a fixed combination of the dimensionless ratios φ/I A and W A /I A , the skewness coefficient shows a 6. if r L = r H , the skewness coefficient (C s ) is independent from W A :C s = f (φ/I A ) (Fig. 5); 7. if r L = r H , the skewness coefficient depends on both φ and W A :C s = f (φ/I A , W A /I A ) (Tables 5-9 and Figs. 1-4);
8. for a fixed value of p and ε, the maximum skewness increases with the ratio r H /r 2 L (Fig. 6) ;
9. for a fixed value of p and ε, the combination r L = r H produces low values of skewness which also decreases with r L (Table 10); 10. for a fixed value of p and ε, the minimum skewness decreases with the product r L · r H (Fig. 7) .
The above presented sensitivity analysis was performed assuming rainfall as exponential distributed. Hence the rainfall annual maxima are Gumbel distributed and their coefficient of skewness is always equal to 1.13955. The resulting flood skew is always higher than this and it reaches its maximum values when the probability of observing two different runoff components is high. For this purpose it is necessary that the infiltration rate at saturation is not too high compared to average rainfall so that it is significant for developing an ordinary component, and it is also necessary that the soil storage is neither too low nor too high compared to average rainfall. (Fig. 6 ). On the other hand, the minimum values of C s are obtained, independently from the values of φ/I A and W A /I A , when r L = r H (Table 10 and Fig. 5 ). In such a case there is no evidence of the second component. The condition r L = r H can be obtained in real basins for geomorphological reasons, for example, when valleys are very steep and the average contributing area is always low. In such a case we may have two significant components but a skewness coefficient not very high. Further research is needed for the case k = 1, i.e. when rainfall is not exponential distributed and may assume high skewness coefficient. In such a case a strong flood skewness could be expected even for single component runoff mechanisms.
Our results indicate that a strong role is played by storage effects, as observed by McCuen and Smith (2008) ; nevertheless we observe that by introducing two different runoff thresholds, flood skew may also reach much higher values than rainfall skew.
Such considerations could provide precious source of information when dealing, for example, with flood frequency regional analysis. In fact, it is widely accepted that the investigation of regional statistical homogeneity should be searched according to hydrologic similarity, but the same concept of hydrologic similarity is not completely defined and universally cleared. As a result, often the search for homogeneous areas reduces to a trial-and-error exercise. The final considerations listed above in points 1 to 5 provide quantitative indications about the dependence of the coefficient of skewness from quantities related to rainfall and soil properties which are useful for the investigation of spatial variability of C s .
On the other hand, considerations listed in points 6 to 10 provide interesting possibility of investigation about the role played by the distribution of contributing areas according to different mechanisms of runoff generation. We believe that, while the basic concepts of source area models have been proposed for years (e.g. Troendle, 1985) , the practical application of models based on this promising phenomenological description of the flood generation process is not fully developed. The TCIF distribution, as well as other derived distributions based on the concept of partial contributing area, could provide a complete framework for exploiting such kind of information about hydrological regime and basin response. Nevertheless, while we believe that a strong role is played by basin morphology, there is still an open field of investigation on the ways for estimating these distribution variables in ungauged basins.
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